Particulate material accumulates over time as cohesive layers on internal pipeline surfaces in water distribution systems (WDS). When mobilised, this material can cause discolouration. This paper explores factors expected to be involved in this accumulation process. Two complementary machine learning methodologies are applied to significant amounts of real world field data from both a qualitative and a quantitative perspective. First, Kohonen self-organising maps were used for integrative and interpretative multivariate data mining of potential factors affecting accumulation.
INTRODUCTION
Discoloured water is generally viewed as an aesthetic problem, however the possibility of a high content of metals, organic/inorganic compounds and micro-organisms could potentially pose a health risk. It has been shown that particulate material accumulates over time as cohesive layers on pipeline surfaces in drinking water distribution systems (WDS) as a ubiquitous process. When subsequently mobilised, this material can be responsible for causing discolouration and other water quality issues, such as exceeding iron and manganese prescribed concentration values. Previous work (Husband & Boxall , ) has demonstrated the cohesive nature and variable shear strength properties of these material layers, and how the layers are conditioned by the daily hydraulic regime and their causal relationship to discolouration.
The factors influencing this accumulation rate (also referred to here as regeneration) might include localised asset properties such as pipe age, material or diameter, while hydraulic conditions and bulk water quality (particularly iron concentration and water treatment type) are likely to be important. Several studies have explored how temperature influences discolouration material accumulation rates. Sharpe () studied the impact of temperature (comparing 8 and 16 W C) and prevailing shear stress on accumulation rates in a realistic-scale HDPE pipe rig over 28 days and found that accumulation was most greatly influenced by temperature. Schaap & Blokker () found a strong correlation between temperature and accumulation rates in district metered areas (DMAs). ) suggest that accumulation rates are a linear function of time, with the magnitude dominated by the supplied water quality (with pipe material also being an important factor). There is limited work in the literature on predicting discolouration material accumulation and identifying the most important factors for estimating this rate. Models that can provide site-specific predictions of regeneration rates
do not yet exist but a basic bi-variate categorical breakdown of discolouration rates are presented by Husband & Boxall () . They showed that the development of material layers is a reproducible and repetitive process. Given the complex, interrelated nature of the physical, chemical and biological reactions that are considered to contribute to discolouration material regeneration it could be expected that predictive models of regeneration rates will only be engendered through the application of multivariate, regressive 
This paper investigates how accumulation (regeneration)
rate can be correlated with other system information, such as source water quality and pipe material.
Data mining for water resources knowledge discovery A SOM has two layers, an input layer (with the same number of nodes n as input variables) and an output layer.
The output neurons are arranged into a one, two (usually) or possibly more dimensional lattice (often rectangular or hexagonal). Each output neuron is connected to the inputs by a vector of weights and also to its neighbours in the array.
where n is the number of input nodes. Let
, w 1j , . . . , w nÀ1j ] ∈ ℜ be the weight vector of output neuron j. An outline of the basis of the algorithm follows.
Kohonen self-organising map algorithm
(1) Initialise network: Define w ij (t)(0 i n À 1) to be the weight from input i to output node j at time t. Initialise these weights to small random values. Let the initial radius of the neighbourhood around node j, N j (0) be large.
(2) Present input:
where x i (t) is the input to node i at time t. Normalise the input vector.
(3) Calculate distances: Compute the distance d j between the input and each of the weights of each output node j, given by:
ðx i ðtÞ À w ij ðtÞÞ 2 (4) Select minimum distance: Designate the output node with minimum distance d j as c.
(5) Update weights: Update weights for node c and its neighbours, as defined by the neighbourhood N c ðtÞ.
New weights are given by
where ηðtÞ is a learning coefficient which decreases with time, as does the neighbourhood size N c ðtÞ.
Normalise each weight vector that is updated. (1):
whereŶ is the EPR estimated dependent variable, Fð:Þ the polynomial function constructed by EPR, X is the independent variable matrix, f : ð Þ is a user defined function, a i the coefficient of the ith term in the polynomial (with a 0 the bias) and m is the total number of polynomial terms. The [À2, À1.5, À1, À0.5, 0, 0.5, 1, 1.5, 2] thus considering most well-known relationships, e.g., linear, quadratic, inverse linear, square root, etc. The regression method for parameter estimation was non-negative least squares (i.e., a j > 0) and the bias term was assumed equal to zero. The reader is referred to the user manual for the details of the EPR toolbox and the various different components of its graphical user interface (Laucelli et al. ) . EPR was used to explore producing novel simple expressions to capture and highlight the important factors in the accumulation of discolouration material, based on the case studies, and to explore estimation of this rate.
CASE STUDIES
Case study 1: UK national 
Data sets and preparation
The observed temporal turbidity traces for each pipe section from the initial and repeat operations can be plotted together with the measured flushing flow rate. Figure 3 shows an example of a turbidity trace for a 75 mm CI pipe. In Husband & Boxall (), in order to determine a useful regeneration index, three methods were trialled to obtain a score from these plots allowing simple comparisons between the initial trial and the repeat trial as an indicator of the regeneration rate. These measures were peak turbidity, average turbidity (mean of all data within measured time frame) and finally a metric based on integration of the time turbidity plots: effectively a step in calculating an amount of material (Boxall et al. a) . It was concluded for this data set that the material mobilised from sites at this national scale is not consistent due to differences in water quality so multiplication by a common conversion factor to suspended solids, a mass of material, was not undertaken. Further, it was observed that the average and integration method for calculating regeneration percentages return comparable results. Consequently, a similar approach of using the average turbidity was utilised here with the appropriate score determined for each operation, being a percentage annual regeneration value, indicating the rate material returns to a fully developed and maximum discolouration risk.
The results from the fieldwork were compiled and preprocessed to include variables considered to be possible influencing factors in the regeneration of discolouration material including bulk water iron concentration, source water, coagulation treatment type, presence of upstream unlined cast iron pipes, pipe material, pipe diameter, daily hydraulic conditions and configuration. The type of the site refers to a subjective classification based on the flow route -'main'
refers to pipe lengths that do not terminate in a dead end and are not part of a loop, 'loop' referring to an area likely to be affected by flow reversals or so-called 'tidal points' due to multiple potential flow paths, and dead end being self-explanatory. Some of the variables were binary or ordinal/nominally encoded and these are detailed in Table 1 .
Most materials were either cast iron (all unlined) or a plastic.
Continuous variables included Fe concentration, diameter (mm), volume (m³) and modelled shear stress valuesboth daily and (maximum) flushing values (Pa). In general, the higher the scoring the higher the risk of material accumulation due to perceived increased material source or accumulation mechanism, e.g., an unlined CI pipe has a score of 3 in the pipe category as it is regarded as a possible source of corrosion products (informed by Husband & Boxall ) . Upstream iron is based on information supplied by the consortium water companies and incorporates a 
For each pipe the turbidity (FTU) that was measured during flushing at the pipe location was recorded. From this the locally accumulated material (LAM) was computed according to Equation (2). In 2013, the flushing programme was slightly changed and higher flushing velocities were used, hence in order to obtain comparable quantities the turbidity was multiplied with the Q flush (in litres) as shown in Equation (2): 
The data set contains some asset information, soil temperature, flushing shear stress, the average turbidity (using an integrative method of calculation) and the accumulation rate (per day). A similar process was used as in case study 2 to calculate LAM as shown in Equation (3):
(3) Figure 5 shows an example of a turbidity trace for 710 m pipe of PVC 300 (270 mm inside pipe diameter).
RESULTS
Case study 1: UK national
SOM results
A top level data set was assembled for case study 1 and this was used as input to a SOM, along with the return flush NTU (Flush2) and the average annual percentage regeneration obtained by dividing the repeat by the initial results (Flush2/Flush1). Figure 6 Dead ends would also appear to be a factor for increased regeneration rate. In contrast, trunk mains and urban locations would appear to result in a lower regeneration rate. Combinations of factors are evident, such as medium diameter pipes in rural areas with upstream unlined cast iron, are related to higher rates. These findings support the hypothesis that certain key factors will, in general, determine the rate of material accumulation on pipe walls.
EPR results
EPR is used here to attempt to derive an expression for an annual regeneration rate and not the risk or magnitude of any potential discolouration event occurring. All the variables in Figure 6 (apart from Flush2 which is used in the calculation of the annual regeneration rate) were initially used, i.e., 13 candidate inputs in total. Input and output test (or cross validation) data were not used, due to the limited data points available for this case study and the principal goal being knowledge discovery. The seven model structures described in Giustolisi & Savic () were applied, although the use of an inner function (such as logarithm, exponential, etc.) did not provide any additional accuracy and merely led to longer model run times. Results are presented here for standard polynomial structured equations produced by EPR. The MOGA process ran for 7,020 generations. Table 2 provides five models produced along with the coefficient of determination (CoD) which is based on the sum of squared errors and reflects model accuracy. Table 2 reveals that in the simplest models the iron concentration and pipe material are key factors. Models with reduced parsimony, such as those with greater than seven terms could provide CoD greater than 0.8; however, due to the data set size for this case study overfitting is inevitable.
By incorporating Flush2 as an additional input, the best single variable equation was still the first listed equation in (Giustolisi & Berardi ) . An additional EPR study was conducted on cast iron material only for the case study. Table 3 provides two of these models (the simplest).
Note that it was possible to get CoD greater than 0.9 for only five terms in this case, however caution over the subset data size needs to be emphasised since the data set was reduced to 44% of the original size. However, CoD for the equation with only the iron concentration term is improved over that in Table 2 . Bulk water iron concentration could potentially be a single measure capturing the dominant influence of a number of other water quality factors: source water, coagulation treatment processes and quantity of unlined upstream iron.
Case study 2: Dutch local scale long-term monitoring
In Figure 7 , the discolouration response due to flushing is provided as measured at each visit to each pipe in the net- 
Total accumulation rate
To explore beyond the pipe level variability evident in Figure 7 , it was decided to calculate total network behaviour. A total accumulated material (TAM) value was calculated from the summation of all measured turbidities during each visit and the total pipe length (Equation (4)). While having a similar number of data points as case study 1, the flushing exercises for case study 2 did not have the high degree of control of the former and were confined to a specific area. A SOM is provided in Figure 9 by way of example, and it is difficult to draw any strong conclusions. This led to EPR analysis being unfeasible for providing any generic results. Encodings are as set out in Table 1 , and note that most material is AC. and hence the importance of temperature, which is also partially evident in Figure 10 , for larger diameter pipes. Up to 21 sites were flushed for up to 33 times over the studied time period; in total this provided 495 data points. Some data were removed, because: (1) during the summer vacation there was a lot less flow into the system which affects the accumulation rate, but this variable was not used in the analyses (50 out of 495 were removed); and (2) visual inspection on turbidity measurements indicated that some measurements were not reliable (24 out of 495 were removed). This means 425 data points remained. The removed data explain the gaps in Figure 11 . 
EPR results
EPR was used in a similar manner to previously to attempt to derive an expression for a daily regeneration rate based on all flushing actions and their repeats. An extensive data set was available with 624 individual flushing actions available in theory (before issues of missing data had to be dealt with)
with accumulation rates calculable for each successive pair of flushing operations at each site. All the variables in Figure 10 were used in the EPR, i.e., eight candidate inputs in total. In this case study, the amount of material in the second flush was used as calculated by the integrative method (recall that in the UK national case study 1 the average turbidity had not been the dominant predictive factor, however it had proved to be so for the Dutch local scale study). Results are presented here for standard polynomial structured equations produced by EPR.
The MOGA process ran for 4,320 generations. Table 4 provides three models produced along with the CoD when utilising all data. Note the relatively high prediction from just using the Flush2 amount, but that the addition of soil temperature further improves the forecast. for K-fold 5, and with a small percentage (< 5%) of outliers out of scale.
If EPR is run without the amount of material from the second flush, the best equation (Equation (5)) involves soil temperature and diameter with CoD of 0.624 on training datacomparable to similar equations in Table 2 for case study 1. Duration between flushes was utilised as an additional input but did not contribute (the temporal element was already accounted for in the regeneration rate):
Regen ¼ þ0:0000016 Diameter 2 Soil Temp 1:5 (5)
DISCUSSION
There exists a significant contrast between case study 1 (the national UK data set) and the two local Dutch case studies.
The large scale UK data set was collected in very carefully controlled conditions, over many varying areas with different materials, source waters, treatment types, etc. show repeatable patterns (Figure 7) . However, when summed over the area, generally similar regeneration rates were observed except for a slight difference during the third period (Figure 8 ). Only four repeats were conducted (and extrapolated to an annual regeneration rate), but with different durations between flushing operations such that it was not possible to explore seasonal or temperaturedependent effects. Difficulties in obtaining pipe level understanding and expressions from case study 2 highlight the need for trial accuracy, replication (since the number of data points available here was very small) and control.
Case study 3 was a very extensive and intensive flushing programme concentrating on regular and repeated flushing of 21 specific locations (still within one section of the supply system). These were flushed 33 times each, over multiple years, with a return period of between 3 and 6 weeks. Pairs of flushes from this data set allowed calculation of daily regeneration rates at high spatial and temporal resolution with results revealing seasonality, or more specifically, temperature dependent, effects ( Figure 11 and Table 4 ). However, by inspecting the SOM (Figure 10) EPR was applied to the application of predicting material accumulation (regeneration) rate for two of the case studies. In case study 1, the simplest equations involved bulk iron concentration, pipe material and looped network areas. In case study 3, the significantly increased data set allowed K-fold cross validation. The optimal equations utilised the amount of material mobilised and soil temperature. Mean cross validation CoD was 0.945
for training data and 0.930 for testing data for an equation with both terms. When not using the material from the second flush as one of the inputs, an equation was derived with only diameter and soil temperature which illustrates the potential for ultimately developing transferable expressions for WDS.
• The type of EPR-derived equations that appear in Table 1 relate to bulk water iron concentrations and treatment and more definitive versions would allow network scale adjustments in these parameters to be assessed. The type of equations in Table 4 would be useful for stable networks and planning operations and their frequency.
There is expected to be much more potential for MCS experimentation for predicting accumulation rates based on pipe material and other cohort sub-divisions (such as source water or treatment type) as increased data sets 
